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ABSTRACT 
Distracted driving has long been acknowledged as one of the leading causes of death or 
injury in roadway crashes. The focus of past research has been mainly on the change in driving 
performance due to distracted driving. However, only a few studies attempted to predict the type 
of distraction based on driving performance measures. In addition, past studies have proven that 
driving performance is influenced by the drivers’ socioeconomic characteristics, while not many 
studies have attempted to quantify that influence. In essence, this study utilizes the rich SHRP 2 
Naturalistic Driving Study (NDS) database to (a) develop a model for detecting the likelihood of 
a driver’s involvement in secondary tasks from distinctive attributes of driving performance, and 
(b) develop a grading system to quantify the crash risk associated with socioeconomic 
characteristics and distracted driving. The results show that the developed neural network models 
were able to detect the drivers’ involvement in calling, texting, and passenger interaction with an 
accuracy of 99.6%, 99.1%, and 100%, respectively. These results show that the selected driving 
performance attributes were effective in detecting the associated secondary tasks with driving 
performance. On the other hand, the grading system was developed by three main parameters: the 
crash risk coefficient, the significance level coefficient, and the category contribution coefficient. 
At the end, each driver’s crash risk index could be calculated based on his or her socioeconomic 
characteristics. The developed detection models and the systematic grading process could assist 
the insurance company to identify a driver’s probability of conducting distracted driving and 
assisting the development of cellphone banning regulation by states’ Departments of 
Transportation. 
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CHAPTER 1. INTRODUCTION  
 Distracted driving is defined as the action of driving a motor vehicle while being engaged 
in a secondary task, which is considered one of the main causes of roadway crashes. The 2011 
Fatality Analysis Reporting System (FARS) results showed that at least 10% of the fatal crashes 
and 17% of the crashes with injuries involved distracted driving (LaVoie, Lee, & Parker, 2016). 
Dingus et al. (2016) reported that when drivers tend to be engaged with at least one secondary 
activity during 51.93% of the time while driving, the crash risk was 2 times higher than during 
normal driving. Types of secondary tasks included texting, interaction with a passenger, talking 
on a handheld cell phone, eating, adjusting the radio, among others. 
 There has been extensive research work to understand how distracted driving impacts 
driving performance and roadway safety using driving simulators, since 1934 (Caird & Horrey, 
2011). Driving simulators can mimic the actual driving conditions without physically placing 
participants in real damage. These studies showed that driving performance was influenced when 
drivers got involved in secondary tasks. However, while driving simulators are able to study driver 
behavior, they do not accurately replicate realistic driving environments (Caird & Horrey, 2011). 
In addition, the process of identifying if the driver was distracted or not right before the crash was 
extremely difficult. Previous research has used self-reports, observational studies or police reports 
(Brace, Young, & Reagan, 2007). However, the accuracy was compromised by personal 
statements, with no data in extreme cases where no one survived. These problems were overcome 
in the recently completed Naturalistic Driving Study (NDS) conducted by the Second Strategic 
Highway Research Program (SHRP 2). NDS is a data collection project that installed sensors and 
video cameras in more than 3000 volunteer vehicles and collected naturalistic data on driver 
behavior during normal commutes (Campbell, 2012). NDS data provides detailed records on 
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driving performance, secondary tasks the driver was engaged in, videos during crashes and near 
crashes, socioeconomic characteristics of drivers, and much more naturalistic driving information. 
This study takes advantage of the rich SHRP 2 Naturalistic Driving Study (NDS) database to 
evaluate the relationship between driving performance measures and drivers’ engagement in 
secondary tasks, and assesses the driver’s the crash risk. 
1. 1 Problem Statement  
 
 Several studies have analyzed NDS data and concluded that the involvement in secondary 
tasks had a significant impact on driving performance. However, to the authors’ knowledge, few 
studies have attempted to detect the involvement of drivers in secondary tasks explicitly from 
observing their driving performance. One of the few attempts was made by Jenkins et al. (2016) 
who applied Multiple Logistic Regression (MLR) to examine the relationship between secondary 
tasks and driving performance. With a low accuracy rate, Jenkins concluded that the MLR was not 
a sufficient model.  
In addition to driving performance measures, socioeconomic characteristics also play a 
major role in roadway safety (Machado-León et al., 2016). Based on Elander et al. (1993), unsafe 
driving behavior is a type of driving style that was developed over time and such driving habits 
differ from driver to driver. Extensive roadway safety studies in the engineering field have mostly 
been focused on traffic, pavement, design, and infrastructure. On the other hand, insurance and 
science have had a long history of studying socioeconomic characteristics’ influence on the risk 
level to facilitate pricing (Guo & Fang, 2013). These studies proved that an individual’s driving 
behavior was influenced by his or her socioeconomic characteristics. However, not many studies 
have aimed to develop a crash risk index to quantify such influence.  
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1. 2 Research Objectives  
The first objective in this thesis is to use vehicle performance measures as surrogate 
measures to detect driver’s engagement in secondary task. To achieve this goal, this study develops 
an Artificial Neural Network (ANN) model using the detailed driving records of NDS data in order 
to capture potential association between driving performance measures and engagement in 
secondary tasks.  The second objective of this study is to develop a grading system to quantify the 
crash risk based on the relationship of socioeconomic characteristics and the probability of 
performing distracted driving. Subsequently, a driver’s crash risk is calculated based on his or her 
socioeconomic factors using the grading system developed in this study. 
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CHAPTER 2. LITERATURE REVIEW 
 This chapter includes a literature review of four related topics: a background of the 
Naturalistic Driving Study (NDS) dataset, studies related to distracted driving, ANN-based 
research, and studies on socioeconomic characteristics. The NDS background section explains the 
details of the data acquisition process and the online data repository. The second section briefly 
introduces the studies conducted on distracted driving, and documents the results based on these 
studies. The third section lists the research conducted using the ANN approach and provides 
comparison with traditional statistical approaches. Lastly, the socioeconomic characteristics 
section reviews the past studies on human factors and reports results from these studies. 
2. 1 NDS Background  
Naturalistic Driving Study (NDS) is the largest safety study ever undertaken in the United 
States (Campbell, 2012). Such a naturalistic driving study can provide detailed and accurate pre-
crash information, and objective driving behavior information. In addition, NDS includes 
information about the frequency of distracted behaviors during normal driving and associated 
contributing factors. The information could support the development of new countermeasures to 
improve traffic safety. The information from NDS could provide details of how the driver interacts 
with the vehicle, the traffic, environmental and roadway characteristics, traffic control devices, 
and other environmental features (Campbell, 2012). 
NDS recruited more than 3500 participants in six states across the United States (Dingus 
et al., 2015). The sites and the coordinating groups (shown in parentheses) of the participants are: 
150 vehicles in Bloomington, Indiana (Indiana University), 150 vehicles in Central Pennsylvania 
(Pennsylvania State University), 441 vehicles in Tampa Bay, Florida (the non-profit research and 
development firm CUBRC and the University of South Florida), 441 vehicles in Buffalo, New 
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York (CUBRC), 300 vehicles in Durham, North Carolina (Westat, Inc.), and 409 vehicles in 
Seattle, Washington (Battelle). A data acquisition system (DAS) was used to collect data using 
sensors and video cameras when a vehicle was in motion. Each vehicle is installed with eyes 
forward monitor, rate sensors, forward radar and other equipment to collect several variables. 
FIGURE 1 provides several examples of the camera and DAS locations in the vehicle (Campbell 
et al., 2012). 
 
FIGURE 1 Data Acquisistion System (DAS) On Participant’s Vehicle 
In a single day, the NDS dataset can accumulate 5 participant-years of driving. More than 
1840 participant-years of data has been accumulated since August 2012. By the end of the study, 
the SHRP2 expects a total of 3700 participant-years of data. 
VTTI has developed a SHRP2 data access and forum website, which documents all data 
files, and offers the opportunity for users to ask questions and share information. The website 
separates the NDS data into 5 sections: Vehicles, Drivers, Trips, Events, and Query builders. The 
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Vehicles data section provides detailed information about the vehicles used by the participants, 
including the model year, beginning mileage, vehicle classification, and other associated data. The 
Drivers data section provides demographics, history, personal characteristics, and habits of the 
drivers. The Trips section summarizes the measures describing the trips including trip length, 
duration, maximum speed, and others. The Events section provides crash, near-crash, and baseline 
events’ records, including severity, post-crash interviews, and videos. The Query builder provides 
access to select variables and cross-table queries to assess results. FIGURE 2 shows the screenshot 
of the website that documents the NDS dataset. With the availability of this website, any individual 
can access the NDS dataset and conduct analysis. The first part of this study focused on driving 
performance measures to develop the secondary task detection models, utilizing data mainly from 
Trips section. The second part of the research uses data from Vehicles, Drivers, and Events 
sections. 
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FIGURE 2 Screenshot of the Website Provides the NDS Dataset 
Several data analysis projects started in 2012 and used available NDS data to address 
several specific research problems. The Iowa State University CTRE project focuses on the 
relationship between driver behavior and safety on curves. Because the crash rates are three times 
higher on curves than on straight roads, the roadway-related measures were studied to develop 
applications to improve curve safety.  The University of Minnesota Center for Transportation 
Studies (CTS) concentrates on the rear-end crashes and used the NDS trip and roadway 
information to explore the crashes causes. 
2. 2 Distracted Driving Background 
Distracted driving has captured the attention of many researchers and transportation 
officials due to its significant impact on traffic safety. The literature on distracted driving can be 
divided into studies focused on driving simulators and on naturalistic driving data. This section 
introduces the distracted driving related studies and the results of these studies.  
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Caird et al. (2008) collected studies involving the effects of cellphone on driving from 1996 
to 2004, which included literature review and driving simulator studies with a total of 84 articles. 
These studies consistently showed an increased crash risk while the driving was associated with 
use of cellphones. The research also concluded that driver responses were delayed by 0.25s in the 
presence of a cellphone. This study also noted that the hands-free cellphone provided a similar 
performance decrement as handheld cellphones. Harbluk et al. (2007) conducted an on-road 
experiment on 21 drivers to evaluate how the driver’s visual attention was reduced under three 
conditions: no additional task, easy cognitive task, and difficult cognitive task. The authors 
concluded that the driver’s visual behavior was changed significantly when the condition changed 
from no-task to a difficult-task. The drivers took shorter eye glances when driving through 
intersections, scanned less area, and provided higher occurrence of hard braking. 
While many studies have focused on driving performance decrements with distracted 
driving, Horrey et al. (2008) attempted to examine a driver’s awareness of distracted driving. This 
study conducted a series of tests on 40 young and old drivers and evaluated the difference between 
the estimated performance decrements with the actual performance decrements on a driving 
simulator. The results showed a negative ratio of observed effects with estimated effect, which 
proved that the drivers were not fully aware of their performance decrement, and were 
overconfident in roadway safety and driving skill. 
Several studies have focused on analyzing the impact of specific secondary task. Stavrinos 
et al. (2013) examined 75 teens and young adults’ driving performance on a driving simulator, and 
evaluated how the drivers perform under various distractions (i.e., cellphone calling and texting). 
The results showed that cellphone-based distraction caused a significant negative impact on the 
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traffic flow, including a greater speed fluctuation, less occurrence of lane-changing, and a longer 
duration to complete turning.  
Hosking et al. (2009) conducted a simulator study to identify the young novice drivers’ 
driving performance difference when sending and retrieving text messages. The result showed that 
the land position variability increased, which includes 28 percent more lane excursion and 140 
percent more incorrect lane change when sending and retrieving messages. The amount of time 
that the drivers’ eyes off the road were also increased by 400 percent. The authors also notices that 
the drivers increased the distance from the vehicle ahead as a “compensation” for their impaired 
driving behavior, while the speed did not decrease.  
Consiglio et al. (2003) conducted a meta-analysis and explored the driving cost associated 
with cellphone use. A total of 16 studies met the conditions for the meta-analysis, and the 
conclusions showed that the vehicle costs were mainly cause by the delay of reaction time, while 
the cost of lane keeping performance was relatively small. In addition, conversation tasks showed 
higher costs than information-process tasks (i.e., word games), but showed similar costs with 
cellphone use.   
Although many studies on driving simulator focused on specific driving performance 
measures, a recent finished study conducted by Codjoe (2014) adopted 14 most commonly used 
driving performance measures. Codjoe examined 67 drivers in a repeated measures on the same 
driving simulator, and evaluated what driving performance measures were most efficient in 
evaluating distracted driving. These driving performance measures include speed, longitudinal 
acceleration, lateral acceleration, yaw rate, and throttle position.  
Compare to the long history of using driving simulator in distracted driving studies, studies 
based on NDS dataset are much less. Victor et al. (2015) used the NDS data to evaluate the crash 
  
10 
 
risks when drivers were involved with several secondary tasks. The authors analyzed the impact 
of driver glance behavior due to in-vehicle electronics, vehicle equipment use, non-visual 
activities, passenger related activities, external distractions, and inattention to the roadway ahead. 
The results showed that the tasks such as Locating/Reaching/Answering a Cell Phone or 
Adjusting/Monitoring the Radio were not significantly risky, while Texting (OR 5.6, CI 2.2–14.5) 
had a substantial risk. In addition, Talking/Listening on Cell Phone showed lower crash risk when 
compared with not engaging in a phone conversation. In general, the author concluded distracting 
activities occurred frequently than impairments such as drowsiness, and visually demanding tasks 
were associated with the highest risk. 
Hallmark et al. (2015) adopted the NDS dataset to answer four research questions: what 
define the curve area of influence, what defines normal behavior on curves, what is the relationship 
between driver distractions and risk of roadway departure, and can lane position be predicted as a 
function of position in the prior state. The third research question used the NDS data to analyze 
distractions during lane departures and concluded that lateral and longitudinal control were 
affected significantly by distracted driving. The author also noted that the average speed is 3.3 
mph lower when the driver was engaged with eye glance task. 
Klauer et al. (2006) performed a stepwise selection procedure to determine what driving 
performance variables are necessary to distinguish between distracted driving and driving while 
drowsy. The test results showed four safety surrogate measures were best to discriminate between 
attentive and inattentive drivers, which were: average percent throttle, yaw time differential, 
average lateral acceleration, and maximum longitudinal deceleration. 
In summary, studies based on driving simulators or naturalistic driving study both provide 
the similar result that driving performance measures change when the driver is performing a 
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secondary task. In general, distracted driving can increase the reaction time of drivers and their 
response time to potential hazards, which will hugely increase the crash risk. In addition, the 
drivers were not fully aware of their performance decrement. When analyzing the impact of 
specific secondary tasks, studies have shown that: (a) talking on a handheld cellphone impairs the 
drivers’ ability to maintain their speed and position on the road; (b) texting increases braking 
reaction times to hazards and increases lane-position variability with no change in speed. In 
addition, based on the studies from driving simulator and NDS dataset, the most influenced driving 
performance measures by distracted driving include speed, longitudinal acceleration, lateral 
acceleration, yaw rate, and throttle position. 
2. 3 Background on ANN Related Research 
Artificial Neural Network (ANN) based prediction modeling is a more adaptive model that 
can be used to predict drivers’ distractions. ANN based models have been used by researchers in 
the past to predict events relating to drivers’ safety. Karlaftis et al. (2011) developed an in-depth 
literature review on ANN networks used in transportation engineering and compared ANN with 
statistical analysis techniques. The study concluded that, compared to statistical models, neural 
networks are more flexible when modeling datasets with possible nonlinearities or missing data. 
However, the author also noticed that transportation researchers almost exclusively rely on 
prediction error to quantify the effectiveness of the modeling, and ignore issues such as underlying 
hypothesis testing, error distribution, and explanatory power. Abdelwahab et al. (2002) used both 
ANN paradigms and logistical models to analyze accidents and injury severity at toll plazas with 
and without Electronic Toll Collection (ETC) systems. Modeling results showed that a two-level 
nested logistical model best described probabilities of accident location.  
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The comparison between ANN and statistical models was also analyzed in Xie et al. 
(2007)’s study. Xie and his colleagues collected the motor vehicle crashes data from rural frontage 
roads in Texas, and evaluated the application of neural network models for predicting the crashes. 
Three types of models: Back Propagation Neural Network model, Bayesian Neural Network 
model, and Negative Binomial Regression model, were evaluated and compared. The prediction 
results showed that the two selected neural network models perform better than the regression 
model. 
Sommer et al. (2008) conducted a similar comparison test between neural network and 
multivariate logistic regression analysis. This study used driving-related ability (i.e., reaction 
speed, perceptual speed, selective and divided attention, resilience of attention and reaction speed) 
as subjective information to investigate the drivers’ driving related personality (i.e., accepted level 
of risk, self- control and emotional stability, social responsibility). The results showed that neural 
network outperforms the logistic regression models, suggesting the neural network is more 
applicable in a more complex relation between psychometric tests and standardized driving tests. 
This study attempts to use driving performance measures to detect the type of secondary 
task the driver was performing and a neural network program was adopted in this research for the 
detection process. 
2. 4 Research on Socioeconomic Characteristics 
Socioeconomic factors are important components in evaluating drivers’ behaviors and 
substantial amount of studies have proven such a correlation. Based on the literature review and 
the availability of socioeconomic factors on NDS database, this study selected 10 socioeconomic 
factors that were adopted in the grading system development, which are age, gender, annual 
income, years have been driving, marital status, work status, annual miles, education level, vehicle 
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type, and state the participant lives at. This section introduces the studies conducted on distracted 
driving and socioeconomic factors.  
Poysti et al. (2005) interviewed 834 licensed drivers and the results showed younger drivers 
and males use phones more often than older drivers and females. Also, people who drive longer 
distances use cellphones more often than people who drive less. In addition, when drivers consider 
themselves skilled, they are more likely to have cellphone in their cars. Similar to Poysti’s result, 
Stayer et al. (2006) suggested that most drivers may not be aware of their impaired driving 
behaviors: drivers’ actual performance appears to be disconnected from what they perceive, and 
implied that the education and awareness level may influence driver behavior.  
Gender differences in driving behavior were also described by Machado-Leon et al. (2016). 
Their results demonstrated that compared to men, women tended to not respect the safe distance. 
On the other hand, men showed higher probability of driving under sub-optimal health conditions, 
e.g. while being drowsy or sick. The results also indicated that household income can influence 
the risk perceptions of unsafe driving behaviors. Groups with higher income level showed a 
significantly greater weight of not respecting the speed limit, not keeping minimal safe distance, 
disregarding rules of passing, and driving under sub-optimum personal health conditions.  
Furthermore, the number of years of licensure influenced the drivers risk perception. Younger 
drivers (had license for 0-7 years) and more experienced drivers (over 22 years) showed lower 
weight of not respecting the rules of passing than medium-level experienced drivers (8-22 years). 
Similarly, Lee et al. (2008) concluded that the rate of crashes or near-crashes of novice drivers 
were 3.9 times higher than their parents’ while driving the same vehicles. Lee’s other study with 
Klauder et al. (2014) tested the crash risk when drivers were conducting 10 types of secondary 
tasks. The result indicated that crash risk will significantly increase for novice drivers when they 
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were dialing a cellphone, texting, reaching for objects, looking at roadside objects, and eating. On 
the other hand, for experienced drivers, the crash risk increased significantly only when drivers 
were dialing a cellphone. This study showed that the number of years that the drivers had been 
licensed plays a major role in evaluating drivers’ behaviors, which is in line with Machado-Leon 
et al (2016). 
The second objective of this study was to develop a grading system based on 
socioeconomic characteristics to predict a driver’s crash risk. Based on this literature review, a 
total of 10 socioeconomic characteristics were selected. The detailed list of these factors is 
provided in Chapter 5, section 1. 
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CHAPTER 3. SECONDARY TASK DETECTION MODEL 
 This chapter explains the procedures of using driving performance measures to detect 
drivers’ engagement in secondary tasks. The ANN modeling tool is used to discern patterns in 
driving behavior that could be attributed to one of the following secondary tasks: calling, texting, 
and passenger interaction. The detection process is accomplished in three main steps: [1] data 
acquisition and preparation, [2] data cleaning, and [3] neural network model development. These 
steps are discussed in detail in the following sections. 
3. 1 Data Acquisition and Preparation 
NDS time-series data were acquired for the five performance measures: speed, longitudinal 
acceleration, lateral acceleration, throttle position, and yaw rate. The data comprised records 
collected in Florida, and the calling, texting and passenger interactions tasks included 112, 37 and 
275 baseline events, respectively. Each event contains time-series records for the five performance 
measures over a period of nearly one minute with a resolution of 0.1 seconds. Each event also 
included the start and end times of each secondary task that lasted around 6 seconds. This is 
because the NDS data collection system automatically assigned a six-second duration whenever 
the secondary task starts to happen. Although the secondary task end time was provided in the 
dataset, this study assumed the secondary task starts at the beginning of secondary-task-start-time, 
and ends at the event-end-time. 
 To prepare the time-series data for the ANN model, each observation was coded as “1” 
(i.e. from the beginning of the secondary task to the end of the event) if associated with a secondary 
task, and “0” otherwise. In essence, a “1” corresponds to the time the driver was distracted while 
“0” corresponds to the time the driver was not distracted. Three examples of coding “1” are 
presented in FIGURE 3.  
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(a) Time Series Data Example for Calling Event (ID 152187371) 
  
(b) Time Series Data Example for Texting Event (ID 152188073) 
  
(c) Time Series Data Example for Passenger Interaction Event (ID 152187284) 
FIGURE 3 Time Series Observations and Coding 
The red lines in FIGURE 3 represents the start and end time of each secondary task 
occurrence. Because the secondary task end time is the end of the event, the red line of task end 
time matches the end of the event time. FIGURE 3 includes one example event for each type of 
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tasks: calling, texting, and passenger interaction. For each event, the left figure shows the change 
of speed and x/y acceleration versus the time. The right figure shows the relationship of yaw rate 
and gas position versus the time. Two types of coding methods were adopted in this analysis. The 
first method selected the events that involved with calling/texting/passenger interaction, and coded 
the duration from the event-start-time to the secondary-task-start-time as “0”.  The second method 
selected 427 no-secondary task events and coded all these events as “0”. The reason of using two 
types of coding system is to compare whether the definition of no-secondary-task-duration 
influence the detection results or not. The main difference between these two methods is the 
definition of what records are considered as no-secondary task. The first method only used events 
involving texting/calling/passenger interaction. The coded “0” records only include the time when 
the driver was not calling. The definition of “0” in the first method is closer to “not calling/not 
texting/no passenger interaction” than “no secondary task”. But the second method only used no-
secondary tasks to present “0”. The results of these two different methods are presented in the next 
section. 
 TABLE 1 summarizes the different performance measures used in this study, along with 
their definitions and units according to the NDS data dictionary. The output of the ANN model 
was defined as 0 or 1 as explained before, while the inputs were the five selected driving 
performance measures.  
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TABLE 1 List of Inputs and Outputs Definitions and Units 
Input/Output Variable Description  Unit 
Inputs Speed Vehicle speed from GPS kph 
Longitudinal 
Acceleration 
Vehicle acceleration in the longitudinal 
direction versus time 
g (acceleration 
of gravity) 
Lateral 
Acceleration 
Vehicle acceleration in the lateral direction 
versus time 
g (acceleration 
of gravity) 
Yaw Rate Vehicle angular velocity around the vertical 
axis 
degrees 
/second 
Throttle 
Position 
Position of the accelerator pedal collected 
from the vehicle and normalized using 
manufacturer specs 
percentage 
Output 1/0 1: Involved in a secondary task 
0: Not involved in a secondary task 
N/A 
 
3. 2 Data Cleaning  
The next step was to clean and mine the data for the required information to analyze the 
pattern in the driving behavior associated with each secondary task. As shown in FIGURE 4, 
several steps are followed to clean and mine the data. The acquired data had several missing 
observations, causing a problem in pattern recognition. The missing data was replaced with zeros 
as the first step in this process.  
 
FIGURE 4 Data Cleaning Process 
Each missing record was replaced with an interpolated value based on the preceding and 
following observations. In order to differentiate between a missing-value “zero” and an actual 
zero-observation in the data, interpolation was not conducted in three cases: (a) the speed is less 
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than 10 kph; (b) pedal position is less than 5%; (c) lateral acceleration, longitudinal acceleration, 
or yaw rate are transitioning from negative to positive values or vice versa. It was noted that some 
performance measures did not have any values throughout the whole event (e.g. longitudinal 
acceleration values in Event ID 1200034 were all zeros); these events were considered deficient 
and were removed completely from the analysis. The next step was to normalize the events based 
on the associated timestamp. Each event has a different length of time duration, around one minute. 
In order to maintain the same duration, a total of 59-second interval, which was the duration that 
all events satisfy, was set for all the events.  
Distracted driving is a continuous action happening over a time period. Therefore, a 
moving time window technique was applied to each of the time-series driving performance 
measures. The moving time window technique is an approach used to capture changes in an entire 
set of features over time. The time window size is defined as the number of time steps over which 
the change in driving behavior is to be detected. In this study, a time window of one second (10 
time steps) is used. The time step of one second was selected to detect any minimal change in the 
driving pattern. For each time window, the standard deviation, as a measure of the changes in 
driving patterns, was calculated for the observations within the time window for every 
performance measure. The time window technique operates by moving the time window one-time 
step (0.1 second) at a time, calculating the standard deviation of the observations within the time 
window. Because each observation has an output value of 0 or 1, the time window process will 
combine ten outputs into one. For the cases where part of the observations were coded as 0 and 
others as 1, the average of the output value was obtained.  
While the driver is distracted, the change is not the same across all performance measures. 
Consequently, the ANN may treat some measures more importantly than the others, which could 
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result in a biased detection result. Therefore, the resulting array of standard deviations from the 
previous step was standardized to have a mean value of “0” and a variance of “1” for each 
performance measure. This was done based on the formula in equation 1. The resulting dataset 
from this step will allow the five driving performance measures to contribute evenly on the same 
scale.  
 xnew =
x − μ
σ
 (1) 
 Where, 𝑥𝑛𝑒𝑤 is the standardized value, 𝑥 is the original variable value, 𝜇 is the mean of the 
standard deviations across each performance measure, and 𝜎 is the standard deviation of each 
performance-measure’s standard deviation obtained from the time window. An example of this 
data cleaning process is presented in FIGURE 5.  
 
FIGURE 5 Snapshot of Data Processing Procedure 
3. 3 Neural Network Model Development 
Artificial neural network is a modeling approach inspired by how the human brain works. 
It is an adaptive technique that has been used in several detection and pattern recognition studies. 
ANN can learn the connections between inputs and outputs in a large-size data set.  Those 
connections will have numeric weight after the learning process is done, and neural nets are 
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adaptive to new inputs and capable of providing outputs. For each type of secondary task, the 
training process was conducted individually.   
In this study a supervised feed-forward network with backward propagation (FFBP) was 
used to develop the detection models.  FFBP architecture is well-known for its ability in solving 
pattern recognition problems (Karlaftis et al., 2011).  A sigmoid function was used as an internal 
transfer function.  Three hidden layers were selected because of the large size of the data (10,000 
observations for each secondary tasks) such that a reasonable number of neurons can be selected 
in each layer.  The Levenberg-Marquardt algorithm was selected for the performance 
(optimization) function. 
  
FIGURE 6 ANN Training Model Structure – First Method 
Three hidden layers were selected because of the large size of the data such that a 
reasonable number of neurons can be selected in each layer. After a preliminary analysis to 
improve the model accuracy, the number of neurons in the hidden layers for the first method was 
selected as 9, 13, and 7 for the first, second, and third hidden layer, respectively. Because the 
second method included more events than the first method, the number of neurons in each hidden 
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layers were selected as 17, 19, 15 for calling and texting events, and 19, 21, 17 for passenger 
interaction events. The ANN model structure is depicted in FIGURE 6.  
The input layer included 5 neurons to represent the five selected driving performance 
measures. The model output defines whether a secondary task was associated with the distracted 
driving behavior or not. Therefore, a binary outcome of 0 or 1 was used, where 1 indicates 
association with a secondary task and 0 otherwise. Then the dataset for each secondary task was 
randomly divided into 70% for training, 15% for validation, and 15% for testing. The validation 
dataset will stop the training process whenever the error in validation process stops decreasing. 
This process could avoid over fitting of the dataset. 
3. 4 Summary of Detection Models Development  
 In summary, in order to develop the neural network models to detect the driver’s 
involvement in secondary task, three steps were executed [1] data acquisition and preparation, [2] 
data cleaning, and [3] neural network model development. The first step selected the events for 
each secondary task, and coded the records as “0” (no distraction) and “1” (distracted). Two types 
of coding methods were adopted which represent different definition of “0”. The second step 
cleaned the data by several steps, and most importantly, applied time window technique on the 
dataset. The last step is the neural network development, and then train the dataset. The Levenberg-
Marquardt algorithm was selected for the performance function. Three hidden layers were adopted 
in the model, and the number of neurons in each layer varies as the total number of records varies 
for different secondary task and different coding method. 
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CHAPTER 4. SECONDARY TASKS DETECTION MODEL RESULTS 
 This chapter presents a discussion of the results obtained from each of the three models 
(Calling, Texting, and Passenger Interaction). As explained in the methodology section, two 
coding methods were adopted in this analysis. The first method coded the records from the event-
start-time to the secondary-task-start-time as “0” to represents the no-secondary-task. The second 
method coded no-secondary-task events as “0”. Each secondary task model includes three test 
results: regression model from the first method, classification model from the first method, and 
classification model from the second method. Each test result presents the accuracy rate or 
correlation coefficient value for the training, validation, and testing sets. 
4. 1 Cell Phone Calling 
FIGURE 7 shows the regression results using the first method for the training, validation, 
and testing datasets of the cellphone calling secondary task. Ideally, each point should fall on the 
45-degree, “Y=T” line, which represents outputs = targets. The closer the output points to the 45-
degree line, the more accurate the detections are. The thick straight lines represent the best linear 
fitting for the model. The best case scenario for these lines matches the “Y=T” line. As shown in 
FIGURE 9, the two lines are very close and almost indistinguishable, which implies a good fit of 
the developed model. Such relationship is reflected by the correlation coefficient (R) between the 
model output and the target results. R value is an indication of the relationship between the outputs 
and targets. If R = 1, this indicates that there is an exact linear relationship between outputs and 
targets. If R is close to zero, then there is no linear relationship between outputs and targets. The 
correlation coefficient values for the training, validation, and testing datasets are close to 0.99, 
which indicates a high correlation between the predicted and observed values.  
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FIGURE 7 Regression Results of Calling - First Method 
The results are confirmed by the confusion matrices shown in FIGURE 8. In each matrix, 
the “target class” at the bottom represents the correct class that each observation should be placed 
in. The “output class” on the vertical side shows the ANN-model classification results. If the output 
class is identical to the target class, this observation is determined as accurate/correct detection, 
and will be located accordingly. For each column, the number in each block shows the number of 
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observations that ANN accurately or wrongly classified. The bottom row and the right-most 
column, shown in gray, provide the accurate rate (top value in percentage) and error rate (bottom 
value in percentage) for each class. As shown in the matrix, the calling model has an outstanding 
overall classification accuracy of 99.6% with an error rate of 0.2%, 0.6% and 1.0% for the training, 
validation, and testing datasets, respectively. The confusion matrix can also be used to extract two 
important attributes: sensitivity and specificity.  Sensitivity (or true positive rate) is defined as an 
observation classified by the model as “1” when the target is “1”.  Specificity (true negative rate) 
is defined as an observation classified by the model as “0” when the target value is “0”.  As shown 
in the matrix, the model has high sensitivity and specificity values of 99.0% and 99.7%, 
respectively.   
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FIGURE 8 Classification Results of Calling - First Method 
FIGURE 9 represented the classification result of using second method. Because the 
second method adopted 427 no-secondary task events, the total number of records is much larger 
than the first method. Both method results are very similar to each other, with the first method 
performs slightly better than the second method. 
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FIGURE 9 Classification Results of Calling - Second Method 
4. 2 Cell Phone Texting 
The results depicted in FIGURE 10 show that the Texting detection model does not 
perform as well as the Calling model; yet, it is still a promising performance. As shown in FIGURE 
10, the correlation coefficient values for the training, validation, and testing datasets are 0.91, 0.91, 
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and 0.89, respectively. The regression curves clearly show that the fitting and target lines are 
discernible which indicates lower performance compared to the Calling detection model.  
 
FIGURE 10 Regression Results of Texting – First Method 
The confusion matrix in FIGURE 11 also shows promising results for the Texting detection 
model. The overall model accuracy was 99.1% with individual accuracy rates of 99.7%, 97.3%, 
and 98.1% for the training, validation, and testing datasets, respectively. By looking at the 
validation results, Texting model has very slightly lower accuracy than Calling; yet, Texting model 
also has a very good detection performance. Similar to the cellphone calling, the sensitivity and 
specificilty values could also be obtained from the matrix: the model has high sensitivity and 
specificity values of 98.7% and 98.1%, respectively.   
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FIGURE 11 Classification Results of Texting – First Method 
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FIGURE 12 Classification Results of Texting - Second Method 
FIGURE 12 represented the classification result of using second method. Although the 
second method accuracy rate is less than the first method, 98.1% accurate is still a very high value. 
4. 3 Passenger Interaction 
 For the Passenger Interaction detection model, the results show that this model is as 
accurate as the prediction results of texting and calling. FIGURE 13 shows a correlation coefficient 
for the Passenger Interaction model of around 0.99 and a detection accuracy rate of  100%. These 
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values are marginally larger than those for Texting and Calling models. This could mean that the 
changes in the associated driver behavior are more significant than those associated with either 
texting or calling. FIGURE 14 provides the classification result using the first method. With a total 
accuracy of 99.9%, it still be concluded that this method is effective. As shown in the matrix, the 
model has high sensitivity and specificity values of 99.6% and 99.9%, respectively.   
 
FIGURE 13 Regression Results of Passenger Interaction – First Method 
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FIGURE 14 Classification Results of Passenger Interaction – First Method 
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FIGURE 15 Classification Results of Passenger Interaction - Second Method 
 Comparing the first and the second methods, the accuracy of the classfication result from 
the second method is slightly less than the first method. Such difference could come from the 
size of the dataset as the second method adopted a much larger dataset, which included more 
events. 
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 In summary, the regression and classification models from both methods all presented good 
precition results. With the lowest accuracy of 98.1%, we could conclude that using the five selected 
driving performance measures to predict driver's involvement in secondary task is an effective 
approach.   
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CHAPTER 5. CRASH RISK INDEX DEVELOPMENT  
 This chapter includes the methodology of crash risk index development, and consists of 
four main steps. The first step is to select the socioeconomic attributes. The second step identifies 
the secondary tasks with high crash risk. The third step is to detect socioeconomic attributes that 
showed significant influence in the probability of conducting a specific secondary task. Odds ratios 
by categories of each important socioeconomic attribute were obtained at the same time. The fourth 
step is to build a grading system to quantify the crash risk index based on socioeconomic attributes. 
Each step is explained individually in the following sections. 
5. 1 Data Selection: Identify Select Socioeconomic Characteristics  
NDS provides demographic and history questionnaires to each participant. Demographic 
questionnaire is to collect participant’s personal background, and the history questionnaire is to 
obtain information regarding driving records. Each volunteer’s identifying information is 
protected and would be referred to as an alias participant ID. Based on literature review, following 
attributes were selected in this study to represent a driver’s socioeconomic characteristics: Age, 
Gender, Marital Status, Work Status, Average Annual Miles, Years (participant has been) Driving, 
Annual Household Income, Education Level, Vehicle Classification, and the State (participant’s 
location). It should be noted that although these selected attributes were referred to as 
socioeconomic characteristics, they also included driving and demographic characteristics. To 
avoid too large a number of categories, it was decided to combine age groups older than 60 into 
one group, and separate the Years Driving class into 3 sets. The list of socioeconomic 
characteristics’ categories is presented in TABLE 2.  
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TABLE 2 List of Categories for each Socioeconomic Characteristic 
Socioeconomic 
Characteristics 
Class 
Level Categories  
Age 10 16-19, 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-59, 
>60 
Gender 2 Female, Male 
Marital Status 5 Divorced, Married, Single, Unmarried-Partners, Widow(er) 
Work Status 3 Full-Time, Not-Working-Outside-The-Home, Part-Time 
Average Annual 
Miles 
7 < 5000, 5000 – 10000, 10000 - 15000, 15000 – 20000, 20000 
– 25000, 25000 – 30000, > 30000  
Years Driving 3 <8 years, 8-22 years, >22 years 
Annual Household 
Income 
7 $150000 +, $100000 - $149999, $70000 - $99999, $50000 - 
$69999, $40000 - $49999, $30000 - $39999, Under $29000 
Education Level 6 Advanced degree, Some graduate or professional school but no 
advanced degree, College degree, Some education beyond 
high school but no degree, High school diploma or G. E. D., 
Some high school 
Vehicle 
Classification 
4 Car, Pickup/Truck, SUV/Crossover, Van/Minivan 
State Name 6 Florida, Indiana, North Carolina, New York, Pennsylvania, 
Washington 
 
5. 2 Data Selection: Secondary Tasks with High Crash Risk 
NDS “Event Detail Dataset” provides more than 23,000 events, and each event includes 
the event ID and the secondary task the driver was performing. NDS classifies the secondary task 
into more than 60 types, including no-secondary task. In this study, only secondary tasks that had 
high crash risk and high frequency were selected.  
A logistic regression model was adopted to identify the high crash risk tasks. The event 
severity (crash or baseline event) was the dependent and the secondary task the driver was 
performing was the independent. No-secondary task was treated as the control group since crashes 
also happened while no secondary was being performed. As a result, comparing to the frequency 
of crash happens during no-secondary task, secondary tasks that had higher frequency of crash 
would be considered as high crash risk tasks (Young et al., 2015). The generalized regression 
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model will provide a p-value and odds ratio for each type of secondary task. The p-value 
represented whether this secondary task had significant difference between crash and baseline 
events, while the odds ratio quantified the amount of the difference. An odds ratio is the ratio of 
the case odds, which is the odds that a particular secondary task is associated with a crash events, 
to the control odds, which is the odds that crash happens with no-secondary-task. If the odds ratio 
value is larger than 1, then the odds of the case group having a crash is higher than the odds of 
control group (no-secondary task). If the odds ratio value is less than one, then the odds of the case 
group having a crash is lower than the odds of the control group. A secondary task that had a higher 
odds ratio value represented a higher crash risk. Using texting as example, the odds ratio of texting 
represented the odds of a crash happening while texting over the odds of a crash happening while 
there is no-secondary task. The detailed math relationship is represented in Equation 1.  
 
odds ratio of texting =  
odds of crash events involving texting
odds of crash events not involving any secondary task
 
=
No.  of  crash events involving texting
No.  of base events involve texting⁄
No.  of crash events not 2nd task
 No.  of base events not 2nd task⁄
 
(1) 
where: 
base events: baseline events  
not 2nd task: not conducting secondary task 
For each type of secondary task, p-value and odds ratio from the generalized regression 
model and observational frequencies were reported in TABLE 3. As shown in TABLE 3, seven 
types of secondary tasks showed high crash risk compared to no-secondary task, while Reaching 
for Object had the highest crash risk with odds ratio value of 10.22, and Cellphone Texting had 
the highest frequency of 387 events.  
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TABLE 3 Secondary Tasks Frequency and Odds Ratio 
Type of secondary task Total 
Frequency 
Pr > ChiSq 
(crash risk) 
Odds ratio 
(crash risk) 
No-Secondary Task 10028 - 1. 00 
Adjusting/monitoring other devices integral to 
vehicle 
133 <. 0001 4. 47 
Cellphone, holding 366 <. 0001 2. 19 
Cellphone, texting  387 <. 0001 2. 77 
Looking at an object external to the vehicle 143 <. 0001 6. 01 
Object in vehicle, other 230 0. 0408 1. 61 
Other personal hygiene 256 0. 0001 2. 13 
Reaching for object, other 95 <. 0001 10. 22 
 
Based on the definition from the NDS website, Adjusting/Monitoring-Other-Devices task 
is adjusting devices other than climate and radio control. Object-In-Vehicle task means “the driver 
clearly is looking at, handling, holding, or manipulating an object (visible or not) or thing located 
in the vehicle”, and the object does not include moving object, insect, pet, passenger, or child. 
Personal Hygiene includes but is not limited to “checking oneself in mirror without the preceding 
tasks, or trying to get something out of one's eye”. Reaching for Object is reaching for any object 
except for food, drink, cellphone, cigarettes, or personal body-related item. 
5. 3 Selecting Important Socioeconomic Characteristics  
 
After selecting the secondary tasks and socioeconomic characteristics, the Event Detail 
Dataset and Socioeconomic Characteristics Dataset were combined into one dataset using the 
connection of participant ID and event ID. Subsequently, logistic regression models (GENMOD 
procedure) in the SAS program was applied. Compared to the traditional linear models, the 
generalized linear model can calculate the mean of a population through a nonlinear link function. 
In this study, a binary function was adopted as the output consisted of two categories: “a specific 
type of secondary task” or “no-secondary task” (Nelder and Wedderburn, 1972). In addition, the 
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GENMOD procedure can fit models to correlated responses which is applicable in this situation 
as one participant may be involved in more than one event. (Liand and Zeger, 19860).  
For each type of secondary task, the generalized linear modeling process was executed 
individually. Using texting as example, the dataset will only include the socioeconomic 
characteristics information of participants who conducted texting while driving and who were not 
involved with a secondary task. Similar to the process of selecting high crash risk tasks, no- 
secondary-task was included as a control group, in order to compare the socioeconomic difference 
of participants who were texting, and these who were not conducting a secondary task. In the 
generalized linear model, the independents were ten selected socioeconomic characteristics, while 
the response was the secondary task (texting or no-secondary-task). In order to identify which class 
of socioeconomic attribute is significantly-different/important, Type III analysis was requested, 
and the GENMOD procedure could then produce the p-values based on the limiting chi-square 
distributions for each class of socioeconomic characteristics in the model. The p-value of each 
socioeconomic attribute among each type of secondary task is presented in TABLE 4. If the 
socioeconomic characteristic p-value is less than 0.05, that characteristic is considered as 
significant-different/important in evaluating the probability of performing secondary task or no-
secondary task. This socioeconomic characteristic is then defined as an “important socioeconomic 
attribute”, and is highlighted in TABLE 4. 
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TABLE 4 List of Socioeconomic characteristic P-Values for Secondary Tasks 
Pr>ChiSq Socioeconomic Characteristics 
Secondary Tasks Age Gender Marital 
Status 
Work 
Status 
Annual 
Miles 
Years 
Driving 
Income Education Vehicle State 
Adjust Device 0. 504 0. 8222 0. 0944 0. 7337 0. 1934 0. 2936 0. 8632 0. 4212 0. 7413 0. 1626 
Cellphone, Texting <. 0001 0. 4033 0. 2839 0. 2579 <. 0001 0. 1261 0. 0991 0. 6736 0. 7155 0. 0004 
Cellphone, Holding 0. 0114 0. 0317 0. 0007 0. 6415 0. 174 0. 3553 0. 81 0. 0512 0. 4689 <. 0001 
Looking At Object 0. 5807 0. 3516 0. 8864 0. 1589 0. 953 0. 6702 0. 1458 0. 2426 0. 7506 0. 2466 
Object In Vehicle 0. 3214 0. 7443 0. 2197 0. 0846 0. 4125 0. 2741 0. 1135 0. 7068 0. 2671 0. 8702 
Personal Hygiene 0. 3539 0. 8935 0. 0751 0. 2931 0. 0038 0. 9149 0. 0892 0. 2395 0. 7988 0. 7393 
Reaching For Object 0. 0798 0. 9753 0. 8244 0. 1647 0. 7019 0. 8114 0. 0480 0. 7683 0. 0556 0. 3104 
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 As shown in Table 4, no socioeconomic attribute showed significant influence in secondary 
tasks of Adjusting Devices, Looking at Object, and Object in Vehicle. In other words, the selected 
socioeconomic characteristics did not play a major role (or were not important) in evaluating the 
probability of performing these secondary tasks. The rest of the four secondary tasks showed 
significant influences by one or more socioeconomic attributes. For example, with the Cellphone 
Texting task, Age, Annual Miles and State attributes were significant, which suggests that texting 
activity was affected by age, annual miles, and state. On the other hand, each column presents 
whether a socioeconomic attribute is significant-different in evaluating the probability of 
performing secondary tasks. Among the 10 socioeconomic characteristics, Age, Annual Miles and 
State influenced/affected at least two types of secondary tasks. On the other hand, Work Status, 
Years Driving, Education, and Vehicle Classification showed no impact on any type of secondary 
task.  
5. 4 Odds Ratio of Each Category 
After selecting the important socioeconomic attributes, this study focused on each selected 
socioeconomic attribute, and obtained the odds ratio value of each category. For odds ratio values 
calculation, one category needs to be selected as the control group for each socioeconomic 
attribute. The selected control groups were defined by the author and are shown in bold in TABLE 
2, which were “>60” for Age group, “Male” for the Gender group, “Widow(er)” for the Marital 
Status group, among others. Which category was selected as the control group would not influence 
the result, as each odds ratio value is then adjusted when developing the grading system (explained 
in detail in the next section 4.5). Using Marital Status and Cellphone Holding as an example, the 
defined control group is Widow(er), and the odds ratio of the married group represents the odds of 
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married participants holding a cellphone divided by the odds of widowed participants holding a 
cellphone, as shown in Equation 2.  
 odds ratio of marrried Ps holding a cellphone while driving 
=  
odds of married Ps holding cellphone
odds of widowed Ps holding cellphone
=  
No. of married Ps holding cellphone 
No. of married Ps not 2nd task 
⁄
No. of widowed Ps holding cellphone  
No. of widowed Ps not 2nd task ⁄
 
(2) 
where: 
Ps: participants 
not 2nd task: not conducting secondary task 
If an estimated odds ratio value is larger than 1, then the odds of the case group conducting 
this secondary task is higher than the control group, which means the probability of married people 
texting while driving would be higher than widowed people. Higher odds ratio value means drivers 
in this category have higher probability of conducting this specific secondary task.  
5. 5 Grade System: Crash Risk Index Development  
 In this section, a grading system was developed and involved determining 3 different 
weighting coefficients: the first coefficient was the crash risk of each type of secondary task, the 
second coefficient was the importance level of each socioeconomic characteristic, and the third 
coefficient was the adjusted odds ratio of a particular category of the socioeconomic attribute. The 
detailed approach of determining each coefficient is explained individually in the following 
sections. A formula was developed in order to calculate the crash risk index which combined the 
three parameters explained above. Each parameter’s definition is also briefly explained. The 
application of this equation is introduced in details in the following sections for each type of 
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secondary task: cellphone holding, cellphone texting, personal hygiene, and reaching for object. 
The formula is presented in Equation 3. 
 yi = CRi ∗ ∑ (aij ∗ bijk)
j ∈ s(i)
 
Y = ∑yi 
(3) 
where: 
i = a specific type of secondary task i 
j = significant socioeconomic attribute j 
k = a particular socioeconomic attribute category k  
yi =  crash risk index of secondary task i 
CRi =  crash risk weight of secondary task i   
 aij = significance level of socioeconomic attribute j 
 bijk = contribution level of category k  
Y = total crash risk index of all types of secondary tasks 
s(i) = a set of significant socioeconomic attributes in secondary task i 
The first process was to assign weight for each type of secondary task based on crash risk, 
which represented the coefficient CRi. Based on TABLE 3, each secondary task had an odds ratio 
value to represent the odds of crashing. Higher odds ratio value presents a higher possibility of 
leading to crash while conducting this specific secondary task. Because only four types’ secondary 
tasks showed high crash risk, the analysis in the rest of the paper would only include these tasks. 
In order to the compare each secondary task crash risk, the odds ratio value of each secondary task 
was adjusted to make the highest odds ratio value to be 1, so that all types of secondary tasks crash 
risk became a relative value compare to 1. Secondary task with CRi value closer to 1 would have 
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higher crash risk. Equation 4 displays the process of adjusting texting’s odds ratio by dividing the 
highest odds ratio value. The list of odds ratio values for each secondary task was then presented 
in TABLE 5 
 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑜𝑑𝑑 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑡𝑒𝑥𝑡𝑖𝑛𝑔 =  
𝑜𝑟𝑖𝑔𝑛𝑖𝑎𝑙 𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜
𝑚𝑎𝑥 𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜 𝑣𝑎𝑙𝑢𝑒
=  
2. 77
10. 22
= 0. 27 (4) 
TABLE 5 Relative Odds Ratio Values for Each Type of Secondary Task 
Type of secondary task Odds 
ratio 
Relative 
Odds ratio 
CRi 
Cellphone, holding 2. 19 0. 21 CR1 
Cellphone, texting 2. 77 0. 27 CR2 
Other personal hygiene 2. 13 0. 21 CR3 
Reaching for object, other 10. 22 1. 00 CR4 
 
The second step was to define the value of socioeconomic attribute importance level on 
each type of secondary task. The number of coefficients (j) depended on how many socioeconomic 
attributes showed significant difference, and each socioeconomic attribute has a percentage of 
importance level (𝑎𝑖𝑗). The percentage value means how much percent does this socioeconomic 
attribute influence the possibility of conducting the secondary task, and higher percentage value is 
more important. Using texting as example, cellphone texting was the third type of secondary 
task (𝑖 = 3), and important socioeconomic characteristics were Age, Annual Miles, and State (𝑗 =
1, 2, 3, 𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔𝑙𝑦). The importance level was defined by Chi-square value, as larger chi-
square value means larger influence on the probability of texting. In order to make the total 
percentage values from those 3 important socioeconomic characteristics to be 100%, each chi-
square value was adjusted by dividing the sum of all chi-square values. Equation 5 shows the 
process of adjusting age group’s importance level. Coefficient 𝑎𝑖𝑗’s range was from 0% to 100%, 
and all coefficients of each secondary task should add up to 100%.  
 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎𝑔𝑒 𝑖𝑛 % = 
𝑜𝑟𝑖𝑔𝑖𝑛𝑖𝑎𝑙 𝑐ℎ𝑖 𝑠𝑞𝑢𝑎𝑟𝑒 𝑣𝑎𝑙𝑢𝑒
𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑐ℎ𝑖 𝑠𝑞𝑢𝑎𝑟𝑒 𝑣𝑎𝑙𝑢𝑒𝑠
=  
33. 78
33. 78 + 33. 71 + 22. 86
=  37 % (5) 
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TABLE 6 Examples for Adjusted Socioeconomic Attribute Importance Level  
Secondary task Important socioeconomic 
attributes 
Chi-square 
value 
Adjusted 
value 
aij 
Cellphone 
texting 
(i=2) 
Age (j = 1) 33. 78 0. 37 a21 
Annual miles (j = 2) 33. 71 0. 37 a22 
State (j = 3) 22. 86 0. 26 a23 
 
The third step in the grading system was to appoint weight for each category among the 
important socioeconomic attribute (bijk). Each category had an odds ratio value from Step 2, and 
higher odds ratio value means this category’s driver has higher probability of conducting a specific 
secondary task. In order to compare between each category, the odds ratio value from each 
category need be adjusted to make the highest odds ratio value to be 1. Each category’s odds ratio 
was obtained from step 2, then adjusted by dividing the largest odds ratio value.  Using texting 
(𝑖 = 3) as example, State was one of the important socioeconomic attribute (𝑖𝑗 = 33)  and the 
odds ratio of each category was shown in TABLE 7. Equation 6 introduces the process of adjusting 
Florida’s odds ratio value by dividing the highest odds ratio value, which was Indiana. The relative 
odds ratio values were then used to presented coefficient 𝑏𝑖𝑗𝑘. Coefficient 𝑏𝑖𝑗𝑘 ranges from 0 to 1, 
and higher value means drivers in this state had higher possibility of performing texting while 
driving.  
 
𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝐹𝐿 =  
𝑜𝑟𝑖𝑔𝑛𝑖𝑎𝑙 𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜
𝑚𝑎𝑥 𝑜𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜 𝑣𝑎𝑙𝑢𝑒
=  
1. 22
1. 34
= 0. 91 
(6) 
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TABLE 7 Examples for Relative Odds Ratio Values 
Secondary 
task 
Important 
socioeconomic 
attribute 
State name Odds Ratio Relative 
 Odds 
Ratio 
bijk 
Cellphone 
texting 
(i=3) 
State 
(j = 3) 
FL (k = 1) 1. 22 0. 91 b231 
IN (k = 2) 1. 34 1. 00 b332 
NC (k = 3) 1. 05 0. 79 b333 
NY (k = 4) 1. 17 0. 87 b334 
PA (k = 5) 0. 32 0. 24 b335 
WA (k = 6) 1. 00 0. 75 b336 
 
In summary, Step 3 explained the process of obtaining three coefficients’ values: the 
relative crash risk of each type of secondary task, the importance level of each socioeconomic 
characteristic, and the relative odds ratio of each category at that socioeconomic attribute. These 
three coefficients were used to calculate the crash risk index for individuals based on the equation 
developed in this study. 
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CHAPTER 6. CRASH RISK INDEX RESULTS 
 This section presents the results for the developed crash risk index. As explained in the 
methodology section, Cellphone Texting, Cellphone Holding, Personal Hygiene, and Reaching for 
Other Object were the only four tasks that had socioeconomic attributes which showed to be 
significantly-different/important. Thus, this section only includes these 4 types of secondary tasks 
equations to measure the crash risk index. Six out of ten types of socioeconomic characteristics 
showed significant influence in the possibility of conducting these tasks: Age, Gender, Annual 
Miles, Marital Status, Income and State. In this case, if the driver could provide his or her 
information about the attributes above, this driver’s crash risk index could be calculated. Two 
hypothetical drivers, Chris and Amy, were assumed in order to evaluate this grading system. Their 
socioeconomic attributes were presented in TABLE 8. The following section will calculate Chris 
and Amy’s crash risk index (𝑦𝑖) for conducting Cellphone Texting, Cellphone Holding, Personal 
Hygiene, and Reaching for Other Object individually.  
TABLE 8 List of Amy and Chris Socioeconomic Attributes 
Socioeconomic Attribute Chris  Amy  
Age 18 42 
Gender Male Female 
Marital Status Single  Married  
Average Annual Miles Travelled 22,000 7,000 
Annual Household Income 35,000 75,000 
State Florida  Pennsylvania  
 
6. 1 Cellphone Holding  
This section includes the equation used to quantify the crash risk of cellphone holding 
while driving based on the driver’s socioeconomic characteristics. TABLE 9 lists the parameters 
used in this grading system. Based on the statistical analysis, age, gender, marital status and state 
were significant different in evaluating the probability of holding a cellphone.  TABLE 9 provides 
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the socioeconomic attributes' chi-square values from the statistical analysis, and the adjusted chi-
square values based on the methodology explained in the former section. Odds ratio value of each 
category is also presented in TABLE 9, with its adjusted odds ratio value. As TABLE 9 shows, 
age 30-34 has the highest odd ratio value of 16.85. Based on the adjustment method, each odds 
ratio in age category was adjusted by dividing the maximum value. As a result, age 30-34's 
adjusted odds ratio value is 1.00 because age 30-34 category has the largest odds ratio value.  
TABLE 9 Parameters Adjusted Values for Cellphone Holding 
Socioeconomic 
Attribute 
Chi-
square  
Adjusted  Category Odds 
Ratio 
Normalized 
Odds Ratio 
Age 
 
21. 29 0. 29 
16-19 10. 70 0. 64 
20-24 13. 15 0. 78 
25-29 10. 20 0. 61 
30-34 16. 85 1. 00 
35-39 10. 34 0. 61 
40-44 5. 91 0. 35 
45-49 2. 34 0. 14 
50-54 0. 78 0. 05 
55-59 2. 95 0. 18 
>60 1. 00 0. 06 
Gender 4. 62 0. 06 
Female 0. 76 0. 76 
Male 1. 00 1. 00 
Marital Status 
 
19. 17 0. 26 
Divorced 6. 00 0. 91 
Married 2. 94 0. 45 
Single 6. 58 1. 00 
Partners 5. 69 0. 87 
Widower 1. 00 0. 15 
State 
 
27. 55 0. 38 
FL 1. 54 0. 80 
IN 1. 93 1. 00 
NC 1. 53 0. 79 
NY 1. 28 0. 67 
PA 0. 47 0. 24 
WA 1. 00 0. 52 
 
Based on TABLE 9, the grading system was developed and showed in Equation 7. 
According to Equation 7, cellphone holding’s crash risk index consisted of three parameters: the 
crash risk of cellphone holding (𝐶𝑅2), each socioeconomic attribute importance level (𝑎2𝑗), and 
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each category’s odds ratio value (𝑏2𝑗𝑘). Based on the adjusted chi-square values from Step 2, the 
important socioeconomic characteristics for cellphone holding were Age, Gender, Marital Status 
and State, and had 29%, 6%, 26% and 38% influence level on the probability of cellphone holding 
(𝑎21, 𝑎22, 𝑎23, 𝑎24 ). For age group, the drivers who are age from 30 to 34 have the highest 
possibility of holding cellphone with an odds ratio value of 1.00 (𝑏𝑖𝑗𝑘), while drivers older than 
60 has the lowest probability, with an odds ratio value of 0.06. Based on the equation, drivers who 
are age 30-34, male, single and lives in Indiana had the highest possibility of holding cellphone 
while driving.  
 
 
𝑦2 = 0. 21 ∗
[
 
 
 
 
 
 
 
 
 
0. 29 ∗
(
 
 
 
 
 
 
 
 
0. 64
0. 78
0. 61
1. 00
0. 61
0. 35
0. 14
0. 05
0. 18
0. 06
 𝑖𝑓 𝑎𝑔𝑒 
16 − 19
20 − 24
25 − 29
30 − 34
35 − 39
40 − 44
45 − 49
50 − 54
55 − 60
> 60
 
)
 
 
 
 
 
 
+ 0. 06 ∗ (
0. 76
1. 00
 𝑖𝑓 𝑔𝑒𝑛𝑑𝑒𝑟 
𝑓𝑒𝑚𝑎𝑙𝑒
𝑚𝑎𝑙𝑒
) +  0. 26 ∗ ( 
0. 91
0. 45
1. 00
0. 87
0. 15
 𝑖𝑓 𝑚𝑎𝑟𝑡𝑖𝑎𝑙  
𝑑𝑖𝑣𝑜𝑟𝑐𝑒𝑑
𝑚𝑎𝑟𝑟𝑖𝑒𝑑
𝑠𝑖𝑛𝑔𝑙𝑒
𝑝𝑎𝑟𝑡𝑛𝑒𝑟𝑠
𝑤𝑖𝑑𝑜𝑤𝑒𝑟
 )
+ 0. 38 ∗ ( 
0. 80
1. 00
0. 79
0. 67
0. 24
0. 52
 𝑖𝑓 𝑠𝑡𝑎𝑡𝑒 
𝐹𝐿
𝐼𝑁
𝑁𝐶
𝑁𝑌
𝑃𝐴
𝑊𝐴
 )
]
 
 
 
 
 
 
 
 
 
 
(7) 
 
According to the developed equation, each individual's crash risk could be calculated. 
FIGURE 16 presents the value of each category among the important socioeconomic attributes. It 
should be noted that the value presented in FIGURE 16 was the value of crash risk index value of 
each category of socioeconomic factor(CRi ∗ aij ∗ bijk). According to FIGURE 16, odds ratio 
values for age group reached the highest point at 30-34 age group, then decreases as the age 
increases. Female and male group had very little difference. For marital status, widower and 
married people showed lower odds of performing cellphone holding while driving than single, 
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divorced, or unmarried partners. States’ odds ratios were randomly disputed while Indiana had the 
highest possibility of performing cellphone holding, and Pennsylvania had the lowest.   
 
FIGURE 16 Each Category Relative Odds Ratio Value In Cellphone Holding 
Based on the equation developed in this section, Chris and Amy crash risk index could be 
calculated. As explained in the earlier part of this section, Chris is an 18 years old single male who 
lives in Florida. Amy is a 42 years old married female who lives in Pennsylvania. Chris’s crash 
risk index of cellphone holding while driving is: 
 𝑦2,𝐶ℎ𝑟𝑖𝑠 = 0. 21 ∗ (0. 29 ∗ 0. 64 + 0. 06 ∗ 1 + 0. 26 ∗ 1. 00 + 0. 38 ∗ 0. 8) = 0. 1700 (8) 
On the other hand, Amy’s crash risk index of cellphone holding is:  
 𝑦2,𝐴𝑚𝑦 = 0. 21 ∗ (0. 29 ∗ 0. 35 + 0. 06 ∗ 0. 76 + 0. 26 ∗ 0. 45 + 0. 38 ∗ 0. 24)
= 0. 0746 
(9) 
As the crash risk index shows, Chris has a much higher probability of holding a cellphone while 
driving (𝑦2 = 0. 17) than Amy (𝑦2 = 0. 0746).  
It should be noted that the difference between each driver’s possibility of conducting a 
specific secondary task is only based on which categories the driver belong to, which is defined 
by the parameters 𝑏𝑖𝑗𝑘, and will not be influenced by parameters 𝐶𝑅𝑖 and 𝑎𝑖𝑗.  
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6. 2 Cellphone Texting  
This section shows the crash risk index development of cellphone texting. Similar to 
cellphone holding, cellphone texting has 3 socioeconomic attributes showed as significant 
important in evaluating the probability of texting while driving: age, annual miles and state.  
TABLE 10 lists the chi-square values from the statistical analysis, and the adjusted chi-square 
values. Odds ratio of each category is also presented in this table, with its adjusted value.  
TABLE 10 Parameters Adjusted Values for Cellphone Texting 
Socioeconomic 
Attribute 
Chi-
Square  
Adjusted 
Value  
Category Odds 
Ratio 
Normalized 
Odds Ratio 
Age 
 
33. 78 0. 37 
16-19 48. 75 1. 00 
20-24 36. 49 0. 75 
25-29 28. 20 0. 56 
30-34 35. 58 0. 73 
35-39 11. 47 0. 24 
40-44 6. 09 0. 12 
45-49 4. 12 0. 08 
50-54 1. 40 0. 03 
55-59 1. 34 0. 03 
>60 1. 00 0. 02 
Annual miles 
 
33. 71 0. 37 
<5k 0. 32 0. 32 
5-10k 0. 32 0. 32 
10-15k 0. 55 0. 55 
15-20k 0. 66 0. 66 
20-25k 0. 80 0. 8 
25-30k 0. 98 0. 98 
>30 1. 00 1. 00 
State 22. 86 0. 26 
FL 1. 22 0. 91 
IN 1. 34 1. 00 
NC 1. 05 0. 79 
NY 1. 17 0. 87 
PA 0. 32 0. 24 
WA 1. 00 0. 75 
 
Equation 10 adopted the odds ratio values and the adjusted chi-square values from TABLE 
10. The developed Equation 10 could then be used to calculate each individual's crash risk index 
of cellphone texting while driving. Based on Equation 10, drivers who are age from 16 to 19, locate 
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in Indiana and drive more than 30k miles yearly have the highest probability of texting while 
driving.  
 
𝑦3 = 0. 27 ∗
[
 
 
 
 
 
 
 
 
 
0. 37 ∗ ( 
1. 00
0. 75
0. 56
0. 73
0. 24
0. 12
0. 08
0. 03
0. 03
0. 02
 𝑖𝑓 𝑎𝑔𝑒 
16 − 19
20 − 24
25 − 29
30 − 34
35 − 39
40 − 44
45 − 49
50 − 54
55 − 60
> 60
 ) + 0. 37 ∗ ( 
0. 32
0. 32
0. 55
0. 66
0. 80
0. 98
1. 00
 𝑖𝑓 𝑚𝑖𝑙𝑒𝑠  
< 5𝑘
5 − 10𝑘
10 − 15𝑘
15 − 20𝑘
20 − 25𝑘
25 − 30𝑘
> 30𝑘
 ) + 0. 26 ∗ ( 
0. 91
1. 00
0. 79
0. 87
0. 24
0. 75
 𝑖𝑓 𝑠𝑡𝑎𝑡𝑒 
𝐹𝐿
𝐼𝑁
𝑁𝐶
𝑁𝑌
𝑃𝐴
𝑊𝐴
 )
]
 
 
 
 
 
 
 
 
 
 (10) 
    
FIGURE 17 displays the crash risk value of each category. According to FIGURE 17, odds 
ratio values in age group had a clear decreasing trend as the age increases. In addition, the more 
miles the participant drive, the higher odds ratio value it gets. State does not show huge difference. 
Indiana State has the highest crash risk and Pennsylvania State has the lowest crash risk of texting.   
 
FIGURE 17 Each Category Relative Odds Ratio Value In Cellphone Texting 
Based on equation 10, Chris and Amy's crash risk of texting could then be calculated. Chris 
is 18 years old, and drives average 22,000 miles yearly and lives in Florida. As a result, Chris’s 
crash risk index of texting is: 
 y3,Chris = 0. 27 ∗ (0. 37 ∗ 1. 00 + 0. 37 ∗ 0. 98 + 0. 26 ∗ 0. 91) =  0. 2617 (11) 
On the other hand, Amy is a 42 years old, drives average 7000 miles yearly, and lives in 
Pennsylvania. Based on the equation, Amy’s crash risk index of texting is presented equation 12. 
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 𝑦3,𝐴𝑚𝑦 = 0. 27 ∗ (0. 37 ∗ 0. 12 + 0. 37 ∗ 0. 66 + 0. 26 ∗ 0. 87) = 0. 1390 (12) 
 Based on the grades, Chris has a much higher score which means his crash risk of texting 
while driving is much higher than Amy’s. Compare to cellphone holding while driving, cellphone 
texting only had three socioeconomic attributes showed as significant important. However, both 
age and state showed as significant-different/important in evaluating the probability of cellphone 
texting and holding. 
6. 3 Personal Hygiene 
This section includes the equation used to quantify drivers’ crash risk of performing 
personal hygiene while driving. Based on TABLE 4, only Annual Miles showed as significant-
different/important socioeconomic characteristic, which would have a 100% influence level on the 
probability of conducting personal hygiene (𝑎𝑖𝑗). TABLE 11 lists the odds ratio value of each 
category among annual miles.  
TABLE 11 Parameters Adjusted Values for Personal Hygiene 
Socioeconomic 
Attribute 
Chi-
square  
Adjusted  Category Odds 
Ratio 
Normalized 
Odds Ratio 
Annual miles 19. 21 1. 00 
<5k 0. 40 0. 31 
5-10k 0. 86 0. 65 
10-15k 1. 17 0. 88 
15-20k 1. 32 1. 00 
20-25k 0. 72 0. 55 
25-30k 0. 92 0. 70 
>30 1. 00 0. 76 
 
 Because category 15-20k has the highest odds ratio value from the generalized regression 
model, each category's odds ratio value is then adjusted by dividing 1.32. It should be noted that 
the odds ratio of each category did not show as much difference as age in cellphone texting and 
calling. This means that the difference in annual miles did not cause as much influence as age in 
cellphone texting and calling. Based on the adjusted odds ratio values, the grading system is then 
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developed and presented in Equation 13. Equation 13 shows the crash index for personal hygiene 
based on the annual miles category. Because the adjusted crash risk of personal hygiene is 0.21, 
each category's adjusted odds ratio value need multiplies 0.21 to get the crash risk index of personal 
hygiene while driving. 
 
𝑦6 = 0. 21 ∗
[
 
 
 
 
 
 
1. 00 ∗ ( 
0. 31
0. 65
0. 88
1. 00
0. 55
0. 70
0. 76
 𝑖𝑓 𝑚𝑖𝑙𝑒𝑠  
< 5𝑘
5 − 10𝑘
10 − 15𝑘
15 − 20𝑘
20 − 25𝑘
25 − 30𝑘
> 30𝑘
 )
]
 
 
 
 
 
 
 (13) 
  
FIGURE 18 shows the value of the specific category of annual miles. Based on this figure, 
the crash risk of personal hygiene increases as the annual miles increase. Once the annual miles 
reach 15-20k, the crash risk reaches its highest value.  Although only category annual miles shows 
as significant important in evaluating the crash risk, each category's adjusted odds ratio still shows 
a reasonable amount of difference. 
 
FIGURE 18 Each Category Relative Odds Ratio Value In Personal Hygiene 
Based on Equation 13, Chris and Amy's crash risk index could be calculated based on their 
information on annual miles. It is pre-defined that Chris drives 22000 mile annual and Amy drives 
7000 miles annual. As a result, Chris’s crash risk index of personal hygiene is: 
 𝑦6,𝐶ℎ𝑟𝑖𝑠 = 0. 21 ∗ (1. 00 ∗ 0. 55) =  0. 1155           (14) 
While Amy’s crash risk index of texting is:  
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 𝑦6,𝐴𝑚𝑦 = 0. 21 ∗ (1. 00 ∗ 0. 65) = 0. 1365 (15) 
Based on the grades, Amy has higher crash risk index of conducting personal hygiene while driving 
than Chris’s.  
6. 4 Reaching for Object  
This section includes the equation used to quantify the crash risk index of reaching for 
object. TABLE 12 lists the adjusted odds ratio values and the adjusted chi-square value. Because 
only annual income showed as significant different in evaluating the possibility of reaching for 
object while driving, the developed equation only includes the annual income values. Comparing 
to annual miles in personal hygiene task, the difference among categories is much less. This means 
the difference among annual income in evaluating the probability of reaching for object is not as 
significant as the difference among annual miles in evaluating the probability of personal hygiene. 
TABLE 12 Parameters Adjusted Values for Looking for Object Task 
Socioeconomic 
Attribute 
Chi-
square  
Adjusted  Category Odds 
Ratio 
Normalized 
Odds Ratio 
Annual income 19. 21 1. 00 
<29k 0. 86 0. 79 
30-40k 1. 00 0. 92 
40-50k 1. 09 1. 00 
50-70k 1. 01 0. 93 
70-100k 1. 05 0. 96 
100-150k 1. 04 0. 96 
>150k 1. 00 0. 92 
 
Equation 16 shows the developed grading system to evaluate crash risk index of reaching 
for object while driving. Because reaching for object has the highest crash risk, the CR value is 
1.00 in this task. In addition, only annual income shows as significant important in evaluating the 
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probability of performing this task, the adjusted chi-square value is also 1.00. As a result, the 
adjusted odds ratio value represents the individual's crash risk index grade.   
 
𝑦7 = 1. 00 ∗
[
 
 
 
 
 
 
1. 00 ∗ ( 
0. 79
0. 92
1. 00
0. 93
0. 96
0. 96
0. 92
 𝑖𝑓 𝑎𝑛𝑛𝑢𝑎𝑙 𝑖𝑛𝑐𝑜𝑚𝑒  
< 29𝑘
30 − 40𝑘
40 − 50𝑘
50 − 70𝑘
70 − 100𝑘
100 − 150𝑘
> 150𝑘
 )
]
 
 
 
 
 
 
 (16) 
 
 The crash risk index value of each category was plotted in FIGURE 19. It was noted that 
the odds ratio value of each category was very close to each other, which showed that each category 
among the annual income had relatively small amount of difference. 
 
FIGURE 19 Each Category Relative Odds Ratio Value In Reaching for Object 
Based on equation developed in this section, Chris and Amy’s crash risk index could be 
calculated according to their socioeconomic information. Chris’s annual income is $35,000 while 
Amy’s annual income is $75,000. As a result, Chris’s crash risk index of performing personal 
hygiene while driving is 
 𝑦7,𝐶ℎ𝑟𝑖𝑠 = 1. 00 ∗ (1. 00 ∗ 0. 92) = 0. 92 (17) 
On the other hand, Amy’s crash risk index of persona is:  
 𝑦7,𝐴𝑚𝑦 = 1. 00 ∗ (1. 00 ∗ 0. 96) = 0. 96 (18) 
Based on the grade, Amy has a slightly higher possibility of performing reaching for object while 
driving than Chris does.  
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6. 5 Summary of Crash Risk Index  
 
In summary, Chris’s total score of crash risk index would be the sum of crash risk index of 
Cellphone Holding, Texting, Personal Hygiene, and Reaching for Object:  
 𝑌𝐶ℎ𝑟𝑖𝑠 = 𝑦2 + 𝑦3 + 𝑦6 + 𝑦7 = 0. 1700 + 0. 2617 + 0. 1155 + 0. 92 = 1. 4672 (19) 
While Amy’s total score of crash risk index is: 
 𝑌𝐴𝑚𝑦 = 𝑦2 + 𝑦3 + 𝑦6 + 𝑦7 = 0. 0746 + 0. 1390 + 0. 1365 + 0. 96 = 1. 3101 (20) 
Based on the scores, Chris has higher crash risk score because of distracted driving than Amy. 
This example of using Chris and Amy to test the grading system shows that this grading system is 
effective and applicable in the real life use. This grading system could assist the insurance company 
to identify the high crash risk drivers based on their socioeconomic characteristics on specific 
secondary tasks. 
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CHAPTER 7. CONCLUSION 
This study first investigated the relationship between driving performance measures and the 
likelihood of drivers’ involvement in secondary tasks. The five driving performance measures 
included were vehicle speed, longitudinal acceleration, lateral acceleration, yaw rate, and throttle 
position. Three types of secondary tasks were selected, including talking/listening with hand-held 
cellphone, texting or dialing/browsing with cellphone, and interaction with adjacent passenger. 
The dataset from NDS was coded, cleaned, and mined to extract the required measures for training 
the neural network model. 
Secondly, this study developed a grading system to evaluate the driver’s probability of 
conducting distracted driving based on his or her socioeconomic characteristics. The grade system 
was defined by three main parameters: the crash risk coefficient, the significance level coefficient, 
and the category contribution coefficient. These parameters were obtained from the crash risk 
regression model and the socioeconomic attributes regression model. 
The results of the detection models show that all three models have accurate detection 
capabilities with accuracy rates exceeding 99%. The five selected driving performance measures 
were effective in predicting drivers’ involvement in specific secondary tasks. In other words, if 
detailed information of a vehicle’s speed, longitudinal acceleration, lateral acceleration, throttle 
position, and yaw rate is available, the ANN model could accurately detect if the driver was calling, 
texting, or interacting with a passenger while driving. Nowadays, some of the insurance companies 
install sensors in people’s cars to monitor their driving behavior for a discount. With the aid of the 
developed models, data collected from the sensors could be used to detect whether a driver was 
distracted before an accident. 
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Based on available NDS data, the results of the developed grading system suggest that 
drivers aged 16 to 19, located in Indiana and driving more than 30k miles yearly have the highest 
probability of texting while driving. Also, single male drivers who ages between 30 and 34, living 
in Indiana had the highest possibility of holding a cellphone while driving. This means that male 
drivers have higher probability of holding cellphone while driving than woman. While age group 
30-34 has the highest odds of holding cellphone, age group 16-19 has the highest probability of 
texting while driving. Indiana State has the highest odds of cellphone holding and texting, which 
may because the cellphone banning policy is less strict than the rest states. In addition, people who 
drive 15,000 to 20,000 miles annually had the highest possibility of being involved in a personal 
hygiene task. This may because people who driver longer miles spent more time in the car. An 
annual income between $40,000 to $50,000 had the highest possibility of reaching for an object 
while driving. The annual income difference in reaching for an object task is relatively small. The 
grading system developed in this study is also evaluated by applying on two types of drivers (Chris 
and Amy). Their crash risk index values were successfully calculated based on their 
socioeconomic characteristics. This represents the developed grading system is effective in 
calculating individual’s crash risk index. The grading system developed in this study could assist 
auto insurance to identify the high crash risk drivers on the specific secondary task.  
This grading system adopted 10 socioeconomic characteristics and classified each 
socioeconomic attribute into several categories, which were detailed and comprehensive, and were 
not observed in other studies. In addition, the assigned values in the grading system were obtained 
based on realistic driving data, collected from the biggest safety related project in the U. S. With 
the availability of this grading system, an individual’s crash risk could be calculated based on the 
driver’s socioeconomic characteristics. Such a systematic grading process could assist insurance 
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companies to identify high crash risk drivers on a specific secondary task, and assist the 
development of cellphone banning regulation in states’ Departments of Transportation, and 
supports education of different groups of individuals to discourage distracted driving.  
However, several limitations were noticed in this study. This grading system is only able 
to calculate the crash risk of Cellphone Holding, Texting, Personal Hygiene, and Reaching for 
Object, as they were the only four types of secondary tasks influenced by socioeconomic attributes. 
In addition, this grading system completely depends on values obtained from the regression 
models, which were determined by frequency. The accuracy could be compromised if the size of 
the dataset is not large enough. Therefore, although this research study selected the largest 
available naturalistic driving dataset, there is room for an improved accuracy rate if a larger dataset 
could be obtained.  
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APPENDIX A SECONDARY TASK FREQUENCY TABLE 
 
Table of Secondary Task vs Event Severity 
Secondary Task Event Severity 
Frequency Balanced-Sample 
Baseline 
Crash Total 
Adjusting/monitoring climate control 87 5 92 
Adjusting/monitoring other devices integral to 
vehicle 
104 29 133 
Adjusting/monitoring radio 341 27 368 
Applying make-up 19 0 19 
Biting nails/cuticles 152 13 165 
Brushing/flossing teeth 7 2 9 
Cell phone, Browsing 94 7 101 
Cell phone, Dialing hand-held 20 6 26 
Cell phone, Dialing hands-free using voice-
activated software 
0 1 1 
Cell phone, Holding 322 44 366 
Cell phone, Locating/reaching/answering 78 8 86 
Cell phone, Talking/listening, hand-held 627 40 667 
Cell phone, Texting 330 57 387 
Cell phone, other 19 6 25 
Child in adjacent seat - interaction 34 1 35 
Child in rear seat - interaction 140 2 142 
Combing/brushing/fixing hair 91 9 100 
Dancing 156 3 159 
Distracted by construction 7 1 8 
Drinking from open container 52 4 56 
Drinking with lid and straw 73 5 78 
Drinking with lid, no straw 44 2 46 
Drinking with straw, no lid 3 1 4 
Eating with utensils 16 0 16 
Eating without utensils 318 20 338 
Extinguishing cigar/cigarette 1 0 1 
Inserting/retrieving CD (or similar) 9 1 10 
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Inserting/retrieving CD (or similar) 9 1 10 
Lighting cigar/cigarette 3 0 3 
Looking at an object external to the vehicle 104 39 143 
Looking at pedestrian 40 11 51 
Looking at previous crash or incident 7 2 9 
Moving object in vehicle 7 19 26 
Object in vehicle, other 209 21 230 
Other external distraction 1447 86 1533 
Other known secondary task 113 20 133 
Other non-specific internal eye glance 434 33 467 
Other personal hygiene 226 30 256 
Passenger in adjacent seat - interaction 2557 166 2723 
Passenger in rear seat - interaction 144 8 152 
Pet in vehicle 30 3 33 
Reaching for cigar/cigarette 3 2 5 
Reaching for food-related or drink-related item 57 2 59 
Reaching for object, other 58 37 95 
Reaching for personal body-related item 12 0 12 
Reading 7 3 10 
Removing/adjusting clothing 34 2 36 
Removing/adjusting jewelry 13 2 15 
Removing/inserting/ adjusting contact lenses or 
glasses 
46 3 49 
Shaving 1 0 1 
Smoking cigar/cigarette 173 6 179 
Tablet device, Locating/reaching 0 1 1 
Tablet device, Operating 1 0 1 
Tablet device, Other 2 0 2 
Talking/singing, audience unknown 1347 100 1447 
Unknown 7 8 15 
Unknown type (secondary task present) 7 0 7 
Writing 0 1 1 
No Secondary Tasks 9439 589 10028 
Total 19672 1488 21160 
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APPENDIX B SECONDARY TASK CRASH RISK REGRESSION RESULT 
 
 Estimate Standard 
Error 
Wald 95% 
Confidence Limits 
Wald Chi-
Square 
Pr > ChiSq 
 -2.7742 0.0425 -2.8574 -2.6909 4266.74 <.0001 
Adjusting/monitoring climate 
control 
-0.0823 0.4618 -0.9875 0.8229 0.03 0.8586 
Adjusting/monitoring other 
devices integral to vehicle 
1.4971 0.2142 1.0772 1.9170 48.83 <.0001 
Adjusting/monitoring radio 0.2381 0.2044 -0.1625 0.6387 1.36 0.2440 
Applying make-up -18.5911 10001.02 -19620.2 19583.04 0.00 0.9985 
Biting nails/cuticles 0.3152 0.2921 -0.2572 0.8877 1.17 0.2804 
Brushing/flossing teeth 1.5214 0.8029 -0.0523 3.0951 3.59 0.0581 
Cell phone, Browsing 0.1768 0.3941 -0.5956 0.9492 0.20 0.6537 
Cell phone, Dialing hand-held 1.5702 0.4674 0.6541 2.4863 11.29 0.0008 
Cell phone, Dialing hands-free 
using voice-activated software 
24.1395 43593.42 -85417.4 85465.67 0.00 0.9996 
Cell phone, Holding 0.7838 0.1662 0.4580 1.1096 22.23 <.0001 
Cell phone, 
Locating/reaching/answering 
0.4969 0.3737 -0.2355 1.2293 1.77 0.1836 
Cell phone, Talking/listening, 
hand-held 
0.0221 0.1685 -0.3082 0.3524 0.02 0.8956 
Cell phone, Texting 1.0181 0.1496 0.7249 1.3113 46.32 <.0001 
Cell phone, other 1.6215 0.4702 0.6999 2.5431 11.89 0.0006 
Child in adjacent seat - 
interaction 
-0.7522 1.0155 -2.7425 1.2381 0.55 0.4589 
Child in rear seat - interaction -1.4743 0.7134 -2.8726 -0.0761 4.27 0.0388 
Combing/brushing/fixing hair 0.4605 0.3520 -0.2294 1.1505 1.71 0.1907 
Dancing -1.1771 0.5844 -2.3225 -0.0316 4.06 0.0440 
Distracted by construction 0.8283 1.0699 -1.2687 2.9252 0.60 0.4388 
Drinking from open container 0.2092 0.5206 -0.8111 1.2296 0.16 0.6878 
Drinking with lid and straw 0.0932 0.4642 -0.8167 1.0030 0.04 0.8410 
Drinking with lid, no straw -0.3169 0.7242 -1.7364 1.1026 0.19 0.6617 
Drinking with straw, no lid 1.6756 1.1555 -0.5891 3.9403 2.10 0.1470 
Eating with utensils -18.5911 10898.35 -21379.0 21341.79 0.00 0.9986 
Eating without utensils 0.0079 0.2344 -0.4516 0.4673 0.00 0.9733 
Extinguishing cigar/cigarette -18.5911 43593.42 -85460.1 85422.94 0.00 0.9997 
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Inserting/retrieving CD (or 
similar) 
0.5770 1.0549 -1.4907 2.6446 0.30 0.5844 
Lighting cigar/cigarette -18.5911 25168.67 -49348.3 49311.10 0.00 0.9994 
Looking at an object external 
to the vehicle 
1.7933 0.1925 1.4160 2.1707 86.78 <.0001 
Looking at pedestrian 1.4832 0.3431 0.8107 2.1556 18.69 <.0001 
Looking at previous crash or 
incident 
1.5214 0.8029 -0.0523 3.0951 3.59 0.0581 
Moving object in vehicle 3.7727 0.4442 2.9021 4.6433 72.14 <.0001 
Object in vehicle, other 0.4764 0.2328 0.0200 0.9327 4.19 0.0408 
Other external distraction -0.0487 0.1188 -0.2816 0.1842 0.17 0.6818 
Other known secondary task 1.0425 0.2463 0.5598 1.5252 17.92 <.0001 
Other non-specific internal eye 
glance 
0.1976 0.1855 -0.1659 0.5612 1.14 0.2867 
Other personal hygiene 0.7548 0.1989 0.3650 1.1447 14.40 0.0001 
Passenger in adjacent seat - 
interaction 
0.0396 0.0907 -0.1381 0.2173 0.19 0.6624 
Passenger in rear seat - 
interaction 
-0.1162 0.3657 -0.8330 0.6006 0.10 0.7507 
Pet in vehicle 0.4716 0.6070 -0.7181 1.6613 0.60 0.4372 
Reaching for cigar/cigarette 2.3687 0.9139 0.5776 4.1598 6.72 0.0095 
Reaching for food-related or 
drink-related item 
-0.5757 0.7207 -1.9882 0.8367 0.64 0.4244 
Reaching for object, other 2.3247 0.2146 1.9040 2.7453 117.29 <.0001 
Reaching for personal body-
related item 
-18.5911 12584.34 -24683.4 24646.25 0.00 0.9988 
Reading 1.9269 0.6914 0.5718 3.2819 7.77 0.0053 
Removing/adjusting clothing -0.0590 0.7288 -1.4875 1.3695 0.01 0.9354 
Removing/adjusting jewelry 0.9024 0.7607 -0.5886 2.3934 1.41 0.2356 
Removing/inserting/ adjusting 
contact lenses or glasses 
0.0442 0.5974 -1.1267 1.2150 0.01 0.9411 
Shaving -18.5911 43593.42 -85460.1 85422.94 0.00 0.9997 
Smoking cigar/cigarette -0.5874 0.4174 -1.4055 0.2308 1.98 0.1594 
Tablet device, 
Locating/reaching 
24.1395 43593.42 -85417.4 85465.67 0.00 0.9996 
Tablet device, Operating -18.5911 43593.42 -85460.1 85422.94 0.00 0.9997 
Tablet device, Other -18.5911 30825.20 -60434.9 60397.69 0.00 0.9995 
Talking/singing, audience 
unknown 
0.1737 0.1120 -0.0458 0.3932 2.41 0.1209 
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Unknown 2.9077 0.5193 1.8899 3.9255 31.35 <.0001 
Unknown type (secondary task 
present) 
-18.5911 16476.76 -32312.5 32275.27 0.00 0.9991 
Writing 24.1395 43593.42 -85417.4 85465.67 0.00 0.9996 
No-secondary task 0.0000 0.0000 0.0000 0.0000 . . 
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APPENDIX C IRB APPROVAL FORM 
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APPENDIX D IRB CONTINUATION FORM 
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